Abstract-Pedal errors have been reported as a cause of fatal traffic accidents. However it is not well understood why and when these pedal errors happen as well as how to mitigate them. In this paper, we study pedal error events in a real-world stopand-go driving experiment, in which we quantitatively analyze foot behavior with measurements from embedded vehicle sensors (e.g. brake or acceleration pedal state) as well as a video input looking at the driver's foot. Our analysis shows some initial insights in factors influencing pedal errors (beside other possible causes like driver age, gender, and driver workload), including Sequential Effects and Cue Modality. We also develop a new vision-based approach for driver foot behavior analysis and use it to predict brake and acceleration pedal presses. Experimental results over twelve different subjects show that the proposed approach correctly detects pedal misapplications approximately 200ms before the actual press. This indicates the potential of applying this approach to predict and mitigate pedal errors in real-world driving.
I. INTRODUCTION AND MOTIVATION
Incidents related to pedal errors have been observed for many years [1] , in many cases involving fatal accidents. The term pedal error here refers to the phenomenon when the driver is supposed to press a particular pedal (i.e. brake or acceleration) but s/he mistakenly presses the wrong pedal (pedal misapplication) or does not press any pedal at all (pedal miss). Figure 1 depicts a sample critical scenario in which a driver is required to brake but accelerates into the slowing lead vehicle instead. Similarly, if the driver is required to accelerate, but hits the brake, the rear following vehicle may be unable to react in time.
Recently, several unintended acceleration-related accidents in the U.S. could have been a result of this pedal misapplication phenomenon [2] and the investigation into Toyota's recent "sudden unintended accelerations" [3] has led to a renewed interest in understanding and avoiding such incidents. Typically, incidents related to pedal errors are reported based on driver surveys. Therefore our main concerns here are
• What are the causes for pedal errors? Is there a way to quantify them? • Can we predict and mitigate pedal errors? Some related research studies on pedal errors [4] and brake reaction time [5] with driving simulations showed that there were some relations between these events and driver age and gender. In this paper, we study the pedal error events in a more realistic, in-vehicle stop-and-go driving experiment in which we quantitatively analyze the events with several embedded sensor measurements from the vehicle CAN-bus (Controller Area Network) as well as a video input looking at driver foot. Besides information like driver age and gender, In the following research we show that by using vision-based modeling and prediction of foot gestures, we are able to predict instances of "pedal misapplication" at about 200 milliseconds prior to the actual pedal press. This time could provide a critical advantage for an Advanced Driver Assistance System (ADAS) in reducing the severity of a potential collision.
we are also interested in other possible causes for pedal errors, such as
• Sequential Effects, which studies the influence of one incidental experience on subsequent experience when individuals perform a series of tasks (i.e. the stop-andgo sequences in our experiment) [6] , and • Cue Modality, or whether it could make a difference when the driver was stimulated to stop or accelerate by visual versus audio cues. In order to predict and mitigate pedal errors, we propose that understanding driver foot behavior has an important role. Related research studies in active safety have used information from driver head e.g. [7] , hands [8] , or the combination between head and hand [9] . However to our knowledge, very few of them have analyzed driver foot information. Park and Sheridan used pressure-based sensors in a driving simulator to show that driver leg motion can help to improve the performance of Antilock Brake System (ABS) [10] . McCall and Trivedi [11] developed a brake assistance system, which has used foot position in analyzing driver's intent to brake. Mulder et al. have introduced a haptic gas pedal feedback system for car-following [12] , [13] with a deceleration control algorithm based on the gas pedal position.
In this study, we develop a new vision-based approach for driver foot behavior modeling and prediction. In addition to embedded sensors data like gas/brake pedal positions, the foot movement before and after a pedal press detected from vision-based sensors provides valuable information for 2011 IEEE Intelligent Vehicles Symposium (IV) Baden-Baden, Germany, June 5-9, 2011 better semantic understanding of driver behaviors, states, and styles. Such information can also be used to predict a pedal press before it actually happens. This is very important in time critical (e.g. pedal error) situations in which we need time to provide proper assistance to the driver. In the proposed approach, an optical flow based method is used to track foot movement and then a Hidden Markov Model (HMM) is trained to characterize the temporal foot behavior.
The remaining sections are organized as follows. Section II describes our real-world driving testbed and the experiment design. Section III presents our vision-based approach for driver foot behavior modeling and prediction. Section IV shows experimental results with real-world driving data and finally we have some discussions and concluding remarks in Section V.
II. REAL-WORLD STOP AND GO DRIVING EXPERIMENT Figure 2 shows our real-world intelligent vehicular testbed used in this study, the LISA-P. An experimental data collection paradigm was designed to approximate stop-and-go traffic, in order to maximize the number of pedal presses observed per participant, and to study driver behavior in sequential contexts. This is actually one of a series of experiments in cooperation with a cognitive scientist to study "sequential effects" in complex and naturalistic tasks [6] (i.e., moving from the simple task of two-button press to a carefully designed driving simulation task, to a real-world driving experiment). The design of the experimental data collection is as follows:
• Apparatus: The experiment was conducted in our LISA-P testbed with the configuration as shown in Figure 2 . There is a laser based head-up display which can display visual cues anywhere on the windshield. More details on the heads-up display can be found here [14] . Two speakers were also used to generate audio cues when needed. Driver foot movements were captured by a foot camera at 640x480 resolution (30 frames per second). The area of pedals and feet is illuminated from above by a flashlight. The vehicle parameters like brake and acceleration pedal states, steering angle, etc were also acquired from the CANbus every 10 ms, timestamped and synchronized with the video and cue data.
• Procedure: The experiment was conducted while driving a simple rectangular course in an empty parking lot, with cues given to the driver in three different conditions. A set of random sequences of cues, to brake or accelerate, were presented to the driver (1) visually, (2) by audio, or (3) using both audio and visual simultaneously. These sequences of stop and go cues were designed to be similar to a recent study on sequential effects in driving [6] . The driver responded as soon as possible by tapping the brake or acceleration pedal accordingly. Each subject did three runs, one under each of the three cueing conditions. A run includes 128 trials, where each trial includes one stop or go cue with the relevant response.
• Participants: Experimental data was recorded on 12 subjects, of various nationalities, genders, and ranging in age from their 20s to their 50s. All have a valid driver license, and ranged in experience from novice to decades of experience. The experimental paradigm captured data of naturalistic driving behavior in scenarios similar to stop-and-go traffic. Given this setup, we use the captured data to study some possible causes for pedal errors including sequential effects and cue modality, as well as to evaluate our proposed approach for driver foot behavior modeling and prediction.
III. MODELING AND PREDICTION OF DRIVER
FOOT BEHAVIOR Figure 3 shows the main components of our proposed approach for modeling and prediction of driver foot behavior. First, using data captured from a camera facing the driver's foot, an optical flow based method is used to track the foot movement. Then we design a Hidden Markov Model (HMM) to learn the temporal foot behavior from the extracted foot movement and vehicle CAN information. Using the trained HMM, we estimate the current behavior state of the driver foot at each frame as well as use that information to predict a brake or acceleration press before it actually happens.
A. Optical flow based foot tracking
Optical flow is a well known computer vision technique for motion estimation. It has also been applied in several human motion tracking and human gesture analysis studies. For example, Decarlo and Metaxas use optical flow constraint on the motion of a deformable model for face tracking [15] . Holte et al. use 3D version of optical flow for view invariant gesture recognition [16] . In our approach, we use the coarse-to-fine Lucas Kanade algorithm [17] for optical flow detection and combine it with a simple linear motion model for foot tracking. This method works quite well for the driver foot video as visually shown in Figure 5 . Since we do not want to keep the foot area (unusually) too bright, the illumination condition may affect the quality of foot video. However based on the major optical flow motions, we can still have a good estimation of the global foot motion. The output of this foot tracking step will provide the foot position (p x , p y ) and velocity (v x , v y ) in 2D image at each frame.
B. HMM-based foot behavior model
By observing the driver foot movement, e.g. Figure 5 , we see that the the foot motion can be divided into 7 semantic states and design a state model for driver foot behavior as shown in Figure 4 . We see that "clean" pedal press actions would follow the path: Neutral → Move Towards Brake/Accel → Brake/Accel Engaged → Release Brake/Accel → Neutral, and so on. However there are cases in which after the Release Brake/Accel state, the foot does not actually come back to the Neutral state but has a continuous motion and changes into the next Move Towards Brake or Acceleration state.
We choose the HMM-based technique since it can characterize time series data with both spatial and temporal variability. It has been used widely in speech recognition [18] and behavior recognition [19] , and recently it has been successfully applied in vision-based gesture recognition, e.g. [20] . To learn the temporal foot behavior, we use a continuous HMM with Gaussian output probability. The elements of our HMM are as follows
including Neutral, BrkEngage, AccEngage, TowardsBrk, TowardsAcc, ReleaseBrk, ReleaseAcc. The state at time t is denoted by the random variable q t .
• Observation: The observation at time t is denoted by the random variable O t which has 6 components O t = p x , p y , v x , v y , B, A where {p x , p y , v x , v y } are the current position and (optical flow) velocity of driver foot estimated from optical flow based foot tracking step. {B, A} are obtained from vehicle CAN information which determine whether the brake and accelerator are currently engaged or not.
• Observation probability distributions: In our HMM model, we assume a Gaussian output probability distribution P(O t |q t = s i ) = N(µ i , σ i ) • Transition matrix: A = {a i j } is an 7x7 state transition matrix where a i j is the probability of making a transition from state s i to s j a i j = P(q t+1 = s j |q t = s i ) • Initial state distribution: We assume an uniform distribution of the initial states. We label our complete data, which has both observation and hidden states, based on the vehicle CAN-bus information. The set of HMM model parameters Λ including the Gaussian observation probability distribution and the transition matrix is learned using Baum-Welch algorithm. Then the forward algorithm is used to estimate the most likely current state q t given an observation window O t−TimeWindow ...O t . In our implementation, we use the Probabilistic Modeling ToolKit (PMTK) for Matlab 1 which supports several probabilistic models including HMM.
C. Prediction of Brake and Acceleration pedal press
The meaning of our estimated foot behavior states directly connects to the prediction of actual pedal presses. Whenever the foot is in the state Move Towards Brake or Move Towards Acceleration, we can predict that the corresponding brake pedal or acceleration pedal will be pressed in near future. To avoid possible error noise in the HMM estimation of current foot behavior state, we accumulate over a small time period (a few hundred milliseconds in our experiment) before the current time t.:
Using these accumulation values, the prediction is done as belows Note that although the absolute value and relative proportion between pb and pa have not been exploited in our current implementation, they could give us some useful information about the prediction confidence.
IV. EXPERIMENTAL RESULTS AND ANALYSIS

A. Role of Sequential Effects and Cue Modality in Errors
In our whole experiment, we have 12 (subjects) x 3 (runs) x 128 (trials/run) = 4608 trials where each trial includes one stop or go cue with the relevant response.
Among those, we have in total 55 pedal misses and 58 pedal misapplications. Figure 6 shows a summary of these pedal errors. With regards to "sequential effects", prior studies have shown that the recent history of cues or behaviors can significantly affect task error rates [6] . In this Fig. 7 . Visualization of foot tracking output along with synchronously captured input data (including foot video, when stop/go stimuli appear, when a pedal is actually pressed).
case, we categorize the pedal errors based on whether the immediate previous cue is different or the same as the current cue. We see a defined difference between pedal miss and pedal misapplication events. When the immediate previous cue is the same, there are more pedal misses while on the contrary, there are fewer pedal misapplications. This implies that sequential effects have some role in influencing pedalpress errors. However, further study is required into how we can use sequential effects as contextual information to predict and mitigate errors.
We also categorized the pedal errors based on which modality the stimuli were presented to the driver (visual only, audio only, or audio-visual). Some subjects reported after the experiment that they felt more comfortable with audio or audio-visual stimuli than visual stimuli only. The reason could be that the driving task already puts significant loads on the driver visual system. However an interesting point shown in Figure 6 is that the number of pedal errors does not seem to decrease, though the driver feels more comfortable with audio and audio-visual stimuli.
B. Optical flow based driver foot tracking
The optical flow based foot tracking qualitatively works well enough for our driving experiment. Figure 5 shows some samples of the foot tracking output superimposed on the original video for visual evaluation. Figure 7 is our interface where we visualize foot tracking output along with synchronously captured input data (including foot video, when stop/go stimuli appear, when a pedal is actually pressed). It shows that using vision-based foot tracking, we can detect a foot event (e.g. the initial foot movement) before the actual pedal press. A histogram of this time to move to pedal (from the time of initial foot movement to the actual pedal press) is shown in Figure 8 . We see that the average time advantage by using visual tracking is about 200-300ms. There is also a different pattern between acceleration and brake pedal presses (driver seems to move to acceleration pedal faster). 
C. Modeling and prediction of driver foot behavior
In applying our HMM driver foot behavior model to pedal press prediction, we would like to accurately predict the pedal presses as soon as possible. However typically, there is a trade-off between the time advantage of prediction (how soon is the time of prediction compared to the actual pedal press) and both the recall 2 and precision rates 3 . To analyze this kind of trade-off, we attempt to make predictions at various points leading up to an actual pedal press (as determined from embedded pedal sensor data). For example, we may set a threshold time of 300 ms before the pedal press, and using the accumulated information leading up to that time (1), we can determine the performance of a corresponding predictive classifier (i.e., classifying whether/which pedal will be pressed). Table I shows the precision and recall of brake and acceleration predictions with different thresholds of time before the actual press. These results are the average over different subjects. We see that at 133 ms prior to the actual pedal press, a major part ∼74% of the pedal presses can be predicted (there is 82.66% recall rate for acceleration predictions, and 65.61% for brake predictions). We also consider the prediction performance for the misapplication events only; indeed all pedal misapplication events were predicted correctly before the actual pedal press. Moreover these misapplication cases were predicted ∼200ms on average before the actual press, which is actually earlier than for general pedal press prediction.A possible hypotheses is that the driver might be somehow indecisive in the misapplication cases which could make their foot movement slower (e.g. movement with halt or changing mind during the movement but eventually press the wrong pedal). 
V. CONCLUDING REMARKS AND FUTURE WORK
In this paper, we study the pedal error phenomenon in a real-world stop and go driving experiment, where we can quantitatively analyze error behaviors with several measurements from embedded vehicle sensors as well as a video input looking at the driver's foot. Our analysis indicates that besides commonly studied causes like driver age and gender, sequential effects (based on the recent history of cues) as well cue modality (how the stimuli are presented) also have role in causing pedal errors.
We also develop a new vision-based approach for driver foot behavior modeling and prediction, which is an important but still open area in developing intelligent driver assistance systems. Using the output of optical flow based foot tracking combined with embedded pedal sensor information, we design an HMM model to learn the temporal foot behavior. The learned HMM model is then used to predict a brake or acceleration press. Our experimental results over different subjects showed that a major portion of the pedal presses can be precisely predicted before they actually happen (e.g. recall rate of ∼74% at 133ms before the actual press). Among those, the pedal misapplications were all predicted correctly at ∼200ms in average before the actual press. This indicates the potential of using the proposed approach in predicting and mitigating pedal errors in real-world driving. For example, we can increase the pedal resistance when a misapplication is predicted. As reported in [13] , haptic feedbacks are generally faster than visual feedbacks (∼50ms compared to 200-500ms) and involve less cognition. In the long run, the foot behavior analysis should also be combined with driver behavior analysis at different levels (e.g. driver posture, head, and hand) [21] as well as other looking-in, looking-out information to develop holistic driver assistance systems [22] and improve the lives of drivers around the world.
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